Abstract: In this article, we present a unified statistical pipeline for analyzing the white matter (WM) tracts morphometry and microstructural integrity, both globally and locally within the same WM tract, from diffusion tensor imaging. Morphometry is quantified globally by the volumetric measurement and locally by the vertexwise surface areas. Meanwhile, microstructural integrity is quantified globally by the mean fractional anisotropy (FA) and trace values within the specific WM tract and locally by the FA and trace values defined at each vertex of its bounding surface. The proposed pipeline consists of four steps: (1) fully automated segmentation of WM tracts in a multi-contrast multi-atlas framework; (2) generation of the smooth surface representations for the WM tracts of interest; (3) common template surface generation on which the localized morphometric and microstructural statistics are defined and a variety of statistical analyses can be conducted; (4) multiple comparison correction to determine the significance of the statistical analysis results. Detailed herein, this pipeline has been applied to the corpus callosum in Alzheimer's disease (AD) with significantly decreased FA values and increased trace values, both globally and locally, being detected in patients with AD when compared to normal aging populations. A subdivision of the corpus callosum in both hemispheres revealed that the AD pathology primarily affects the 
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INTRODUCTION
Diffusion tensor imaging (DTI) is a modern magnetic resonance imaging (MRI) technique that is used to estimate the axonal organization of the brain based on the diffusion of water molecules in brain tissue. Water should diffuse at a greater rate along the major axes of white matter (WM) fiber bundles than it does along directions perpendicular to them, as there are fewer obstacles to doing so [Stejskal and Tanner, 1965] . Such an anisotropy in the diffusion of water through brain tissue can thus be used to quantify WM microstructural integrity, for which fractional anisotropy (FA) and mean diffusivity (MD) are the two most commonly used quantitative indices to be derived from DTI.
In measuring anisotropic water diffusion, the value of FA ranges from 0 (isotropic) to 1 (anisotropic) and reflects the degree to which directional diffusion occurs in the cellular structures of WM fiber tracts. FA is a useful metric for an examination of the fiber density, axonal diameter, and myelination in WM. A decrease in the FA value suggests a loss of fiber tract integrity and thus WM damage [Pierpaoli et al., 1996] . The second metric, MD, being a third of the total diffusivity (trace), measures the average diffusivity in the non-colinear directions of free diffusion [Pierpaoli et al., 1996] . Both FA and MD are computable at each voxel of the DTI image and are independent of the fiber orientation, making it convenient to compare them across subjects and groups. These two DTI-derived quantitative indices have been applied to a wide variety of studies investigating WM integrity [Bennett et al., 2010; Charlton et al., 2006; Keller et al., 2007; Kraus et al., 2007; Kubicki et al., 2005] .
Historically, to compare the two DTI indices across subjects or even populations, histogram-based analyses of the whole brain measurements were the first approaches to be adopted [Cercignani et al., 2001; Valsasina et al., 2005] , although they were limited by a loss of detailed anatomical/spatial information. To resolve this issue, region of interest (ROI)-based analysis was proposed, wherein common WM tracts (for example, the corticospinal tract and the corpus callosum [CC] ) are segmented from the DTI data of each subject either manually or automatically [Bazin et al., 2011; Clayden et al., 2007; Hao et al., 2014; Jonasson et al., 2005; Lawes et al., 2008; Tang et al., 2014b] . From these segmentations, a summarizing statistic (typically the mean value) of FA and MD is computed across voxels belonging to the specific ROI being evaluated for abnormality. The main limitation of this ROI-based WM integrity analysis is that it cannot reveal the more detailed spatial profile of WM abnormality within that ROI. To address such concerns, certain methods have been developed that borrow insight from voxel-based morphometry [Ashburner and Friston, 2000] , but are distinguished by the image modality used for spatial normalization. The validity of using VBM to analyze local properties has been a topic of debate, primarily because of the potential for mis-registrations especially in the cortical regions where the anatomical topology has an extremely large variability from subject to subject. The necessity to use smoothing in VBM raises further potential issues, especially for DTI data [Jones et al., 2005] .
To overcome the problems induced by the spatial normalization in VBM while preserving the ability to characterize localized WM abnormalities, manifold (for example, curve, skeleton, and surface based) methods have been developed [Qiu et al., 2010; Smith et al., 2006; Yushkevich et al., 2008] , wherein some methods [Qiu et al., 2010; Yushkevich et al., 2008] were developed to analyze specific WM tracts whereas some others [Smith et al., 2006] were designed for the entire WM. In the work of Qiu et al., not only were surface based FA abnormalities analyzed, so were the localized morphometric abnormalities indexed at the WM tract surfaces [Qiu et al., 2010] . Compared to whole brain methods, structure specific approaches may be more sensitive to microstructural damage, providing more detailed abnormality patterns for the specific structures of interest.
In this study, we follow the principles of surface-based analysis to examine the localized WM abnormalities in terms of both morphometry (surface areas) and microstructural integrities (FA and trace DTI indices) in a unified framework. We develop a complete surface based WM analysis pipeline, consisting of the following steps: (1) a fully automated and precise segmentation of the WM tract of interest from DTI data using a multi-contrast multi-atlas approach in the framework of the large deformation diffeomorphic metric mapping (LDDMM) [Miller et al., 2006] ; (2) the extraction of a smooth surface representation of the WM tract of interest; (3) the spatial mapping of the localized surface areas, the FA values, as well as the trace values as indexed at each vertex of the surface; (4) a statistical analysis of the surface-indexed abnormalities via multiple comparison corrections performed with two distinct approaches. In step (1), the diffeomorphic multi-contrast multi-atlas segmentation algorithm [Tang et al., 2014b] is used, the accuracy of which has been previously validated in segmenting whole brain structures, including the major WM tracts. Creation of the smooth surface representations of WM tracts in step (2) is conducted in a fashion similar to that of our approach to deep gray matter structures in structural MRI [Tang et al., 2014a] . Creation of the surface maps in step (3) is also based on the advanced brain warping technique of LDDMM, the validity of which has been established in a variety of surface-based analyses Tang et al., 2015a,d] . Finally, for our statistical analyses, we utilize a linear statistical model with multiple comparison corrections performed in two manners; controlling the familywise error rate (FWER) [Nichols and Hayasaka, 2003 ] and controlling the false discovery rate (FDR) [Benjamini and Hochberg, 1995] .
In this article, we will first detail each of the above steps before applying our fully developed pipeline to the surface-based analysis of the CC, in terms of both morphometry and microstructural integrity, in mild cognitive impairment (MCI) and Alzheimer's disease (AD). While the CC has been implicated to be affected by the pathology of AD in numerous studies [Biegon et al., 1994; Hampel et al., 1998; Janowsky et al., 1996; Weis et al., 1991] , the combined analysis of morphometry and microstructural integrity featured in our proposed pipeline is the first of its kind. In summary, we will present results from the following components of our investigation: (1) validation of the surface creation procedure; (2) abnormality characterization in the ROI-based global metrics, including the volumetric measurement, the mean FA value and the mean trace value within the left and the right CC; (3) spatial maps for the mean values of the vertexwise FA and trace as averaged across the healthy control (HC) population, the MCI population, as well as the AD population alongside each DTI index's group difference maps between HC and both MCI and AD, after FWER-correction and FDRcorrection; (4) mappings of those same group comparisons, now taken in terms of the bilateral CC's localized surface areas. It has been suggested that the CC consists of multiple distinct subregions based on its microstructural and functional specialization [Aboitiz et al., 1992] and to account for that, in this article, we sub-segment the CC surface of each hemisphere into three compatible subregions -the genu, body, and splenium of the CC (or GCC, BCC, and SCC, respectively) so as to identify the specific subregion that is most affected by the neuropathology of AD. We also present the scanrescan reproducibility of the proposed pipeline on another dataset of 21 healthy subjects which were scanned twice. Furthermore, we characterize the cross-subject variability, in terms of the localized surface areas and the two localized DTI indices (FA and trace), in that 21-subject normal population.
MATERIALS AND METHODS

Participants and DTI Dataset
In this study, we successfully recruited 23 HC subjects, 8 MCI subjects, and 29 AD subjects at Tongji Hospital, Wuhan, China. Among those 60 subjects, 15 of the HC subjects, all of the MCI subjects, and 23 of the AD subjects had undergone DTI imaging. There were another 12 subjects with cognitive impairment which had been originally recruited. However, after a careful examination, they were excluded from this study on the basis of image quality or their lack of a complete neurological examination. These details can also be found in our previous work [Tang et al., 2016] . Each diagnosis of MCI or AD was reached by assessment under the Alzheimer's criteria of the National Institute of Neurological and Communicative Disorders and Stroke and the Alzheimer's Disease and Related Disorders Association criteria [McKhann et al., 1984] . Subjects with structural abnormalities that could produce dementia, such as cortical infarction, tumor, or subdural hematoma, along with those who had undergone treatment or had a concurrent illness (other than dementia) that interfered with cognitive function at the time of the DTI scan were not included in this study.
The DTI data of each subject was acquired from a 3 Tesla (3T) MR system (SignaHDxt, GE Healthcare, USA) with the following imaging parameters; repetition time 5 10,000 ms, echo time 5 83 ms, flip angle 5 908, acquisition matrix 5 256 3 256), field of view (FOV) 5 240 mm 3 240 mm, phase FOV 5 1, slice thickness 5 3.0 mm with no space, number of excitations 5 1, total slice 5 42, and b value 5 1,000 s/mm 2 along 30 directions. We acquired a single volume when b 5 0. Array Spatial Sensitivity Encoding Technique was used with the acquisition performed on a HDxt system as a dual spin echo DTI acquisition.
For the scan-rescan reproducibility test, 21 healthy volunteers with no history of neurological conditions (11 M/10 F, 22 to 61-year old) participated in this study. The DTI dataset was acquired with a multi-slice, single-shot, echo-planar imaging (EPI), spin-echo sequence (TR/TE 5 6,281/67 ms, SENSE factor 5 2.5). Sixty-five transverse slices were acquired parallel to the line connecting the anterior commissure to the posterior commissure with no slice gap and 2.2 mm nominal isotropic resolution (FOV 5 212 3 212, data matrix 5 96 3 96, reconstructed to 256 3 256). Diffusion weighting was applied along 32 directions (Philips parameters: gradient overplus 5 no, directional resolution 5 high, gradient mode 5 enhanced) with a b-value of 700 s/mm2. This is the same data as used in another reproducibility neuroimaging study, where more details of the protocol can be found [Landman et al., 2011] . This dataset is publicly available at http://www.nitrc.org/projects/multimodal/. This study was approved by the internal Institutional Review Board of Tongji Hospital and written informed consent was obtained from all participants; in the case of patients with dementia, such consent was obtained from family members.
DTI image quality control through the correction of misregistration between diffusion weighted images caused by patient motion and eddy-current-induced distortion [Penny et al., 2011] ; (2) DTI image corruption detection and rejection [Li et al., 2013] ; (3) tensor calculation, which included providing the 3D FA and trace maps.
The WM tracts of interest were automatically extracted using a fully-automated multi-contrast multi-atlas DTI segmentation pipeline [Tang et al., 2014b] , which is a multimodality extension of our diffeomorphic multi-atlas likelihood fusion algorithm . In this DTI segmentation pipeline, each atlas consisted of five whole brain images in different contrasts, the FA image, the trace image, and the three elements of the primary eigenvector, alongside a paired segmentation label comprising a total of 168 manually-delineated anatomical structures including the WM tracts of interest. In this study, we used 12 atlases, all of which are freely distributed at www.mricloud.org.
The registration in our multi-contrast multi-atlas likelihood fusion algorithm was performed using a three-channel LDDMM image matching algorithm [Ceritoglu et al., 2009] , with the three channels being the FA image, the trace image, and the ventricle as found in each atlas and the to-besegmented DTI data. A three-step cascading strategy was used within the multi-channel LDDMM image matching to gradually improve the matching quality. Details on the selection of parameters in the LDDMM image matching can be found elsewhere [Ceritoglu et al., 2013] . The likelihood of each atlas was jointly calculated from the five contrasts (FA, trace, and the three elements of the primary eigenvector) using Gaussian mixture modelling. The optimal estimator of the segmentation labels was iteratively obtained using the expectation maximization algorithm. More details about this multi-atlas DTI segmentation algorithm and its performance, as well as the creation of the multiple DTI atlases, can be found in our previous work [Tang et al., 2014b] .
Surface Generation
To generate the surface representations for each WM tract of interest in all subjects, we developed an approach similar to the one which we adopted and validated for subcortical structures [Qiu and Miller, 2008; Tang et al., 2014a] , wherein the surface of each WM tract for each subject was obtained by applying an optimized diffeomorphism to a template surface of that specific WM tract. The template surfaces were created manually to ensure sufficient smoothness and correct anatomical topology [Mori et al., 2008] . The volumetric segmentations and triangulated surface representations of the bilateral CCs delineated in Mori's atlas are illustrated in Figure 1 . Each subjectspecific and structure-specific optimized diffeomorphism was obtained using the LDDMM surface matching algorithm [Vaillant and Glaunès, 2005] , aligning the smooth surface from Mori's atlas with a coarse surface representation of the subject's WM tract obtained by applying the marching cubes algorithm [Lorensen and Cline, 1987] to the volume segmentation obtained in White Matter Tract Segmentation section. The main purpose of this transformationbased surface generation technology is to de-noise the automatically segmented WM tracts and to allow inheritance of the manually-created template surfaces' smoothness and topology. Other transformation-based surface de-noising approaches have also been investigated [Tward et al., 2013] . In Figure 2 , we demonstrate comparisons between the original WM tracts and the de-noised ones in volume and surface representations of the CC in both hemispheres, from which it is clear that smoothness was ensured without damaging the segmentation accuracy. In addition to qualitative evaluations, we also quantitatively compared the original and the de-noised bilateral CCs in terms of Dice overlaps and mean volumetric measurements (see Fig. 3 ), from which great consistency and similarity was observed.
Surface Based Morphometry Maps
The localized surface-based morphometrics (the vertexwise surface areas) of each subject surface were quantified by a diffeomorphism that connected a common template surface to that subject surface. The common template surface of each WM tract of interest was itself generated from all subject surfaces using a Bayesian template estimation algorithm [Ma et al., 2010] to ensure "populationaveraging" by iteratively minimizing the overall metric distance from the common template surface to each subject surface, in the setting of LDDMM, until convergence. After that, the LDDMM surface matching algorithm [Vaillant and Glaunès, 2005] was used to map the common template surface to each individual subject surface. A scalar field, indexed at each vertex of the common template surface, was subsequently calculated as the log-determinant of the Jacobian of the diffeomorphism, which quantifies the factor by which the diffeomorphism expands or shrinks the localized surface area in the target relative to the template in a logarithmic scale; that is, a positive value corresponds to a localized surface area expansion of the subject relative to the template while a negative value suggests a localized surface area contraction at each vertex of the common template surface. This structure-specific and subject-specific scalar field is our surface-based morphometry map for each WM tract of interest and on which our statistical morphometric analyses will be performed.
Surface Based FA and Trace Maps
For each WM tract of interest, to create the surfacebased FA and trace maps in the common "populationaveraged" template surface coordinate, we took two steps: in the first step, we identified both the FA and trace values at each vertex of the subject surface using trilinear interpolation after identifying the spatial correspondence between the volumetric segmentation voxel coordinates and the surface vertex coordinates for each subject; in the second step, we transferred the FA and the trace maps indexed at r Tang et al. r r 1878 r each vertex of the subject surface to the common template surface based on the aforementioned LDDMM surface registration technique. Each template-to-subject surface mapping established a vertex-by-vertex correspondence between the template surface and the deformed template surface which one would expect to be a good approximation to the subject surface. For each vertex of the template surface, a value from the subject surface's FA map (also the trace map) was assigned by taking that of the vertex on the original subject surface which is spatially closest to the corresponding deformed template surface vertex. This process resulted in subject-specific structure-specific FA and trace maps in the common template coordinate, enabling group based statistical analyses at common surface vertices. It is worthy of note that the surface based morphometry maps and the FA/trace maps of all subjects now reside in the common template space, and therefore the statistical analysis results will be quantified on that template surface as well.
Statistical Analysis
For inter-group comparisons of the surface based morphometry maps, the FA maps, and the trace maps of the bilateral CCs, we used a linear regression model y k ðsÞ5 b k;0 1b k;1 gðsÞ1 P cov a cov X cov ðsÞ1e k ðsÞ, where y k ðsÞ is the scalar value of the surface map (surface areas, FA values, and trace values) for subject s evaluated at vertex k of the structure-specific common template surface, gðsÞ is a binary group variable, X cov ðsÞ denotes the covariate information of subject s included in the analysis (in this study, we co-varied for age, gender, as well as the total intracranial volume (TIV) as computed from the size of the brain's image after skullstripping [Tang et al., 2015b [Tang et al., , 2015c , and e k ðsÞ denotes a Gaussian white noise with its variance automatically estimated. We tested the null hypothesis H 0 k : b k;1 50 against the general hypothesis H 1 k : b k;1 6 ¼ 0 with the complete null hypothesis being H 0 k : b k;1 50 simultaneously for all k. The statistical significance of a group difference is measured by a P-value obtained from Fisher's method of randomization; a non-parametric permutation test (a total of 40,000 permutations used) was conducted by randomizing the model's residuals, more details on which can be found elsewhere . To correct for multiple comparisons being performed simultaneously at all vertices of the template surface, we adjusted the P-values to control for FWER at a level of 0.05 based on the maximum statistic method [Nichols and Hayasaka, 2003] . For a direct comparison, we also present the statistical shape analysis results with the multiple comparison correction having been performed by controlling the FDR [Benjamini and Hochberg, 1995] at a level of 0.05. The reader should note that in the inter-group comparisons of surface based FA and trace maps, we covaried for age and gender but not TIV, because TIV is not relevant to the DTI-derived metrics.
To compare two groups in terms of a single metric, such as the volume measurement, the mean FA, or the mean trace, we used the same model with yðsÞ now being a scalar rather than a vertex-based scalar field. This corresponds to the general linear model. In such case, no correction is needed.
For the scan-rescan reproducibility test, we investigated the vertexwise difference for each of the three measurements (surface area, FA value, and trace value) at corresponding vertices of the two scans for the same subject. The difference is computed as jM k1 2M k2 j 0:5ðM k1 1M k2 Þ , where M k1 denotes a specific measurement (e.g., FA value) of vertex k for the first scan and M k2 denotes the corresponding measurement of vertex k for the second scan of the same subject.
Template Surface Subdivision of the Bilateral CCs
With the help of accurate divisions of each of the bilateral CCs into three compatible subregions (the genu, body, and splenium of the CC [GCC, BCC, and SCC]) in Mori's atlas, we divided our common template surface for each of the two WM tracts into those three subregions using the approach detailed in our previous work [Tang et al., 2014a] . This subdivision was accomplished by transferring the boundary definitions in Mori's atlas to our template surfaces using the geodesic positioning function afforded by diffeomorphisms . The geodesic positioning algorithm provides a diffeomorphic correspondence between the two atlas coordinate systems, with the corresponding diffeomorphism transporting the label maps defined on Mori's atlas to the population template surfaces.
RESULTS
Demographic Characteristics
In the HC group, there are a total of seven males and eight females, with the median age being 63 years and the age range being [55, 77] years. Among the eight MCI subjects, three are male and the other five are female. The median age of the MCI group is 64 years and the age range is [56, 82] years. In the AD group, there are 11 males and 12 females, the median age being 65 years with an age range of [52, 82] years. There is no significant group differences in terms of age either between HC and MCI (P-value 5 0.689) or between HC and AD (P-value 5 0.363) based on the Student's t-tests.
Among the 60 subjects, we had access to the mini-mental state examination (MMSE) scores for 11 HC subjects (median 5 29, range 5 [28, 29]), 4 MCI subjects (median 5 28, range 5 [27, 29]), and 21 AD subjects (median 5 21, range 5 [8, 27]). We did not detect significant group difference between HC and MCI in terms of the MMSE score (P-value 5 0.1452). This result may have been largely affected by the fact that we had MMSE scores for only four MCI subjects. The MMSE score in the AD group was statistically significantly lower than that in the HC group, with a P-value smaller than 10 26 obtained from a Student's t-test.
Morphometric Analysis
In comparing the volumetric measurements and the localized surface area maps of the left and right CC between HC and MCI, as well as HC and AD, we did not observe 
Microstructural Analysis
In our microstructural analysis, we first performed ROIbased single-statistic analyses; namely, we computed the mean FA and mean trace value as averaged across all voxels belonging to a specific WM tract of interest for each subject and then compared them within each group pair. The average and standard deviations of the mean FA and mean trace values of the bilateral CCs for each of the three groups (HC, MCI, and AD) are listed in Table I , and the P-values obtained in comparing HC with each of the two diseased groups are tabulated in Table II . The scatterplots of the mean FA and mean trace values for the bilateral CCs for each subject of the three groups are presented in Figure 4 . For the CC's mean FA value in each hemisphere, we observed HC > MCI > AD and for the mean trace value one can see that HC < MCI < AD on average. However, only the group differences between HC and AD in the mean FA and mean trace reached statistical significance while those between HC and MCI did not.
Figure 5.
Panel A denotes the three-subregion division (GCC, BCC, and SCC) of the left corpus callosum surface. Panels B1, B2, and B3 denote the FA value at each vertex of the template surface averaged, respectively, across the HC group, the MCI group, and the AD group. Panels C1 and C2 show the statistically significant vertexwise FA differences of the left corpus callosum between HC and AD after FDR-correction and FWER-correction respectively. The color bar denotes the decrease of FA value in AD relative to HC. Figures 5 and 6 respectively. In both of those figures, panel A represents the three-subregion division of the CC, while panels B1, B2, and B3 show the mean FA values, indexed at each vertex of the common template surface, averaged across the HC group, the MCI group, and the AD group respectively, and finally panels C1 and C2 denote those vertices whose group differences between HC and AD remained statistically significant after the FDR-correction and the FWER-correction respectively. We did not detect any significant group differences between HC and MCI in terms of the surface based FA maps when utilizing either FWER or FDR as the correction strategy. According to Figures 5 and 6 , the FA values plotted on the common template surfaces generally follow the pattern of HC > MCI > AD, which is consistent with findings from the ROI-based single-statistic analysis. Significant regionally specific decreased FA values were detected in AD when compared to HC, on both the left and the right CC, independently of whether FDR-correction or FWERcorrection was used, although a larger portion of vertices survived in the FDR-correction than the FWER-correction. The main subregion exhibiting significant FA decrease was found to be composed of the SCC and parts of the BCC. The surface based trace analysis results of the left CC and the right CC are illustrated in Figure 7 and Figure 8 , respectively, with the panel formatting in those two figures being the same as that used in Figures 5 and 6 . Overall, we detected HC < MCI < AD patterns at all vertices of the template surfaces (see panels B1, B2, and B3 of Figs. 7 and 8) . After multiple-comparison correction using either FDRcontrolling or FWER-controlling, we detected significant group differences only between HC and AD, but not between HC and MCI, which is in line with our FA surface map results. Again, the subregion of the bilateral CCs exhibiting the majority of regionally specific trace abnormalities in AD belonged to the SCC and BCC. When FDRcontrolling was used as the correction procedure, increased trace values were also detected in part of the GCC on both the left and the right hemisphere in AD relative to HC.
Reproducibility Analysis
According to our test-retest experiments, the differences in our measurements of the surface area, FA, and trace of the left CC between the first and second scans, using our aforementioned metric, when averaged over all vertices were 0.068, 0.152, and 0.111 respectively. For the right CC, Figures 9-11 show the maps of cross-subject variability and the test-retest reproducibility results in the surface area, FA, and trace measurements respectively. To be specific, in each figure, the top panel represents the results on the left CC while the bottom panel contains those on the right CC. Within each panel, the top row represents the cross-subject variability results and the bottom row represents the test-retest reproducibility results. The crosssubject variability was again computed for each vertex of the surface and was quantified as the ratio of the standard deviation to the mean value across the 21 subjects. The cross-subject variability results should provide information for power analysis to design population studies.
In Figures 12 and 13 , we provide the histogram analysis results: in each figure, the left column represents the crosssubject variability results whereas the right column represents the test-retest reproducibility results; for each row, from top, to middle, to bottom, we show the distribution results of the surface area, the FA value, and the trace value respectively.
Figure 8.
Panel A denotes the three-subregion division (GCC, BCC, and SCC) of the right corpus callosum surface. Panels B1, B2, and B3 denote the trace value at each vertex of the template surface averaged, respectively, across the HC group, the MCI group, and the AD group. Panels C1 and C2 show the statistically significant vertexwise trace differences of the right corpus callosum between HC and AD after FDR-correction and FWER-correction respectively. The color bar denotes the increase of trace value in AD relative to HC. For each surface, both the medial view (the left one) and the lateral view (the right one) are shown. [Color figure can be viewed at wileyonlinelibrary.com] According to those results, we observe that the reproducibility, in terms of the localized surface area, were below 5% for most vertices. For both types of DTI indices (FA and trace), the reproducibility results were smaller than 10% for a majority of surface vertices. Such results indicate high reproducibility, especially when compared with the cross-subject variability in that 21-subject normal population.
DISCUSSION
In this study, we have developed a pipeline for the unified investigation of surface-based morphometry and microstructural integrity on WM tracts and its application to the CC of both hemispheres in AD. This work is essentially an extension and refinement of a previous study [Qiu et al., 2010] . That said, several important advancements have emerged from the proposed pipeline: (1) segmentations of the WM tracts of interest were obtained in a fully automated fashion through a validated multi-contrast multi-atlas algorithm, which ensures a superior segmentation accuracy when compared to fiber-tracking based WM tract segmentation approaches and a boundary smoothness that is inherited from multiple manually delineated DTI atlases [Tang et al., 2014b] ; (2) the generation of the surface representations of the WM tracts of interest was performed in a transformation-based manner in the LDDMM framework, ensuring the smoothness and correct anatomical topology transferred faithfully from the manually created template surfaces defined in Mori's atlas [Mori et al., 2008] and this surface generation pipeline was validated both qualitatively and quantitatively; (3) the morphometric maps, the FA maps, as well as the trace maps of all subjects are defined at each vertex of the bounding surface rather than on skeleton based geometric models [Smith et al., 2006; Yushkevich et al., 2008] , which may be more biologically meaningful by quantifying the localized surface areas; (4) a topical issue is also examined in our multiple-comparison correction strategy where two state-of-the-art approaches (FDR-controlling and FWERcontrolling) were evaluated. The FWER-correction strategy was found to be more conservative than the FDRcorrection in terms of rejecting the null hypothesis. To be specific, the statistically significant HC-versus-AD group differences, in terms of the FA and trace surface maps, were detected on a much greater number of vertices after FDR-correction than after FWER-correction. This observation is in keeping with the general understanding that FWER-correction is stricter than FDR-correction and is more likely to make pessimistic estimates. Therefore, FWER-correction is more appropriate when there is an overriding reason to avoid any incorrect rejections of the null hypothesis whereas FDR-correction is more appropriate when there is a good reason to tolerate an expected proportion (usually 5%) of the FDR-corrected significance values being incorrectly rejected. In our previous work on surface based morphometric analyses of deep gray matter structures [Tang et al., 2016] , we have also investigated the resultant differences induced by the correction strategy difference.
This work was strongly motivated by the lack of existing advanced pipelines capable of analyzing the localized morphometry and microstructural integrity of WM tracts in a unified fashion. Localized morphometric analysis, mainly based on shape analysis, has primarily been conducted on anatomical structures extracted from structural MRIs (e.g., the T1-weighted image) Qiu and Miller, 2008; Tang et al., 2015a Tang et al., , 2014a with applications to WM tracts extracted directly from DTI images [O'Donnell et al., 2009; Qiu et al., 2010] being relatively rare. Alternative approaches for analyzing the shape of WM tracts of interests, mainly in terms of morphometry, have been proposed. In the work of Corouge et al., it is proposed to generate a geometric description of a set of curves forming a bundle, to calculate an average, prototype curve, and to analyze the variability of shape deviations from this prototype ]. This approach is fundamentally different from ours in multiple fashions: (1) our shape modeling is based on triangulated meshing whereas in their approach the focus is mainly on curves; (2) in our work the localized shape characteristics were extracted from surface deformations whereas in this alternative approach the local shape descriptors are derived from the Fr enet frame.
In another work , the same shape modeling methodology as in Corouge's work is used and extended to local diffusional property analysis, in addition to morphometric analysis, by attributing bundles with diffusion properties. This is similar to the essence of our own work, aiming to systematically analyze the diffusion properties as well as the geometric properties of WM tracts of interests utilizing shape modeling. An integrative analysis of morphometry and microstructural integrity in a unified framework may bring unique and novel information for understanding neuroanatomy and neurocognitive function in various settings. During the past decade, there have been numerous investigations into how a specific disease (such as AD) affects the WM tract shapes. In two existing works Bachman et al., 2014] , the shape of the CC was analyzed with basic shape measurements -the total cross-sectional area and circularity of a 2D CC segmentation obtained at the mid-sagittal plane. In the study by Qiu et al., they analyzed the surface metrics of multiple WM tracts with application to AD [Qiu et al., 2010] . We suggest that to have a more thorough understanding of the relevance of WM tract surface measurements to pathology, there must be fully-automated, carefully-designed, sophisticated, and effective tools for obtaining them. This is indeed the essential motivation of this work, to create such a tool. In fact, there have already been efforts to this effect, such as the approaches developed by other research groups [Smith et al., 2006; Yushkevich et al., 2008] which were based on the skeleton geometric model. Those two methods are now seeing use in a variety of applications. We believe that making the proposed pipeline available to the research community will unleash further potential for surface-based WM tract analyses.
Further to the above, the proposed pipeline is also a promising tool for automated disease detection and prediction. This pipeline is able to provide a variety of refined boundary-based characteristics/features that may be discriminating of various brain disorders (such as AD). More specifically, our pipeline is capable of providing the following multi-granularity multi-modality neuro-informatics: the volume of the WM tract of interest, the surface area of each subregion of the WM tract of interest (for example, the GCC, SCC, and BCC within the CC), the vertex-based surface areas, the mean FA and mean trace within the WM tract of interest, the mean FA and mean trace within each subregion of the WM tract of interest, as well as the vertex-based FA and trace maps. The more detailed description of the region-specific alterations of WM may provide us with more indicative information when differentiating disorders, such as demyelinating diseases of the central nervous system, neurodegeneration diseases, hypoglycemia, and Hypoxic Ischemic Encephalopathy. Also, a combination of these rich neuro-informatics may be much more discriminating and powerful in disease detection and prediction than any subset of them.
The proposed pipeline can be conveniently extended in multi-fold fashions: first, this pipeline can be easily applied to different WM tracts of interest in the pathology of a variety of disorders with little to no limitation, although validation analyses may still be needed, especially in the smooth surface generation procedure; second, in addition to the two types of statistic provided in this work, the ROI-averaged single DTI index and the vertexwise DTI index of the surface, other summarizing statistics such as the mean taken across all surface vertices or the mean computed within a specific subregion of the template surface are also feasible statistics for investigation; thirdly, in addition to the two multiple-comparison correction methods (FDR-controlling and FWER-controlling), other types of correction methods are also possible depending on the clinical applications; lastly, this method can also be applied to DTI-derived quantities other than FA and trace, such as the apparent diffusion coefficient, the axial diffusivity, and the radial diffusivity, thus enabling a multi-modality analysis in a common surface space.
In the current article, we also applied the proposed analysis pipeline to the morphological investigation of the CC in AD. However, we did not detect any significant morphometric group differences between HC and MCI or between HC and AD in terms of either global volume or local surface area. In existing findings, the volume and shape of the CC have been reported to be affected by the pathology of AD Bachman et al., 2014; Biegon et al., 1994 ]. An obvious distinction between our work and those published previously Bachman et al., 2014] is that their CC segmentation was based on T1-weighted image whereas our CC segmentation was obtained from DTI directly. A potential concern when measuring the WM volume from DTI-based segmentation is the spatial distortion which EPI-based DTI is susceptible to. One of our future directions will be morphometric analysis of the CC, in terms of both volume and shape, based on segmentations from T1-weighted images to verify this speculation. Another potential limitation of our study is the sample size; having only included a total of 15 HC subjects, 8 MCI subjects, and 23 AD subjects. This relatively small sample size may have limited the potential of our approach to detect morphometric abnormalities in the two disease groups. With that being said, we have detected significant decreases in the FA surface maps and increases in the trace surface maps for the CC of both hemispheres in AD relative to those in HC, indicating a sensitivity of the proposed method in detecting subtle microstructural abnormalities in WM tracts. This finding of CC microstructural damage, which is suspected to be tightly linked to the demyelination of the CC [Song et al., 2005] , consolidates existing findings reported in the AD literature [Chua et al., 2008; Di Paola et al., 2010; Xie et al., 2006] . We did not observe any significant group differences between HC and MCI in the DTI indices either globally or locally, with the low number of available MCI subjects (8 for this study) being the most likely explanation. However, we observed a pattern of HC > MCI > AD in the FA index and HC < MCI < AD in the trace index in terms of both the ROI-based single summarizing statistic and the surface-based maps. As such, there are grounds to suspect that the inclusion of more subjects would likely to address any potential limitations of this study.
With a division of the CC surfaces into three subregions, the genu, body, and splenium of the CC, we found that the pathology of AD seemed to exhibit its greatest effects in the SCC and parts of the BCC. This agrees with previously published results that the degeneration of the SCC is significantly correlated with progression of dementia severity in AD patients [Teipel et al., 2002] and that relative to normal controls, patients with probable AD showed a highly significant reduction in the integrity of SCC [Rosa et al., 2000] . A conjectured explanation of such region-specific abnormality patterns is that the fibers from the SCC and part of the BCC originate from temporoparietal regions of the brain [de Lacoste et al., 1985; Conturo et al., 1999] , gray matter regions that are characteristically affected in AD [Brun and Englund, 1986] . Please note that our sub-division methodology can be easily applied to other WM tracts which are assumed to consist of multiple functionally contrasting subregions.
A potential concern for this pipeline arises from the partial volume effects (PVEs) being induced during the DTI data acquisition procedure, especially in regions where the brain structure borders the cerebrospinal fluid. This is essentially a limitation of DTI data. To resolve this issue, multiple approaches for PVE correction have been proposed [Ardekani and Sinha, 2005; Baron and Beaulieu, 2015; Jeon et al., 2012] . In addition to the limitation induced by DTI acquisition, another limitation comes from the fact that the proposed pipeline targets the WM tract surfaces analyzing the DTI metrics at the boundary of the WM tracts of interest. This may pose a potential problem that the vertex-wise changes/abnormalities in the DTI metrics might actually reflect changes in the neighboring tissue rather than the tissue of interest. In other words, the changes in the DTI metrics on the WM tract surfaces may have been induced by either systematic changes in the WM itself or the systematic changes in the neighboring tissue. Furthermore, the boundary of a WM structure is more easily to be contaminated by the PVEs compared to the tract's skeleton. In this respect, the skeleton-based methods [Smith et al., 2006; Yushkevich et al., 2008] are more favorable to the surface-based ones.
With that being said, according to our test-retest reproducibility results, our pipeline is robust, exhibiting a high reproducibility for all three measurements of interest, the localized surface area, the localized FA value, as well as the localized trace value. With a combination of effective PVE correction methods, the proposed pipeline has the potential for further robustness and greater impact on real clinical applications.
CONCLUSION
To sum up, we have developed an integrative pipeline for analyzing the morphometry and microstructural integrity of WM tracts globally and locally and applied it to the investigation of the CC in AD. Future work will involve application and validation of the proposed pipeline to other WM tracts, other types of brain disorders, as well as other types of DTI-derived contrasts.
